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1
SCALABLE LOG ANALYTICS

BACKGROUND

System administrators provide virtualized computing
infrastructure, which typically includes a plurality of virtual
machines executing on a shared set of physical hardware
components, to offer highly available, fault-tolerant distrib-
uted systems. However, a large-scale virtualized infrastruc-
ture may have many (e.g., thousands) of virtual machines
running on many of physical machines. High availability
requirements provide system administrators with little time to
diagnose or bring down parts of infrastructure for mainte-
nance. Fault-tolerant features ensure the virtualized comput-
ing infrastructure continues to operate when problems arise,
but generates many intermediate states that have to be recon-
ciled and addressed. As such, identifying, debugging, and
resolving failures and performance issues for virtualized
computing environments have become increasingly challeng-
ing.

Many software and hardware components generate log
data to facilitate technical support and troubleshooting. How-
ever, over an entire virtualized computing infrastructure,
massive amounts of unstructured log data can be generated
continuously by every component of the virtualized comput-
ing infrastructure. As such, finding information within the log
data that identifies problems of virtualized computing infra-
structure is difficult, due to the overwhelming volume of
unstructured log data to be analyzed.

SUMMARY

One or more embodiments disclosed herein provide a
method for providing real-time analysis of log messages for a
computer infrastructure. The method includes receiving a
plurality of log messages including a first log message, and
generating a sketch associated with the first log message. The
sketch may be generated based on words contained in the first
log message. The method further includes determining a mes-
sage type for the first log message based on a comparison of
the generated sketch to a plurality of sketches stored in an
index. Log messages of a same message type have similar
sketches. The method includes determining a first log event
associated with one or more log messages occurring with a
first time interval, wherein the first log event comprises a first
composition of message types corresponding to the associ-
ated log messages. The method further includes determining
an event type for the first log event based on a comparison of
the first composition of message types to a plurality of com-
positions of message types stored in the index, and determin-
ing an anomalous log event within the plurality of log mes-
sages based on the classification for the first log event.

Further embodiments of the present disclosure include a
non-transitory computer-readable storage medium that
includes instructions that enable a processing unit to imple-
ment one or more of the methods set forth above or the
functions of the computer system set forth above.

BRIEF DESCRIPTION OF THE DRAWINGS

So that the manner in which the above recited aspects are
attained and can be understood in detail, a more particular
description of embodiments of the disclosure, briefly summa-
rized above, may be had by reference to the appended draw-
ings.
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2

FIG. 1A depicts a block diagram that illustrates a comput-
ing system with which one or more embodiments of the
present disclosure may be utilized.

FIG. 1B is a block diagram that illustrates a virtualized
computing system with which one or more embodiments of
the present disclosure may be utilized.

FIG. 2 is a block diagram that illustrates a workflow for
analyzing log data of the computing system, according to one
embodiment of the present disclosure.

FIGS. 3A-3B are block diagrams that depict examples of
event pattern and event volume anomalies, according to one
embodiment of the present disclosure.

FIG. 4 is a flow diagram that illustrates steps for a method
for analyzing log data of a computing system, according to an
embodiment of the present disclosure.

DETAILED DESCRIPTION

One or more embodiments disclosed herein provide meth-
ods, systems, and computer programs for analyzing log data
for a computing infrastructure in real-time. In one embodi-
ment, log data, sometimes referred to as runtime logs, error
logs, debugging logs, is reduced in both volume and level of
detail by first classifying messages into types by content
similarity. The log data is then reduced further by grouping
bursts of messages into log events. Patterns in log events, such
as the collection and number of different messages types that
comprise each log event, can be used to identify anomalous
events within the log data. For example, patterns in the log
events may be used to detect when log events occur that differ
in message type composition, or when log events occur that
differ in frequency of occurrence over time.

FIG. 1A is a block diagram that illustrates a computing
system 100 with which one or more embodiments of the
present invention may be utilized. As illustrated, computing
system 100 includes a plurality of server systems, identified
as server system 102-1, 102-2, 102-3, and referred to collec-
tively as servers 102. Each server 102 includes CPU 104,
memory 106, networking interface 110, storage interface
114, and other conventional components of a computing
device. Each server 102 further includes an operating system
120 configured to manage execution of one or more applica-
tions 122 using the computing resources (e.g., CPU 104,
memory 106, networking interface 110, storage interface
114).

As mentioned earlier, software and infrastructure compo-
nents of computing system 100 including servers 102, oper-
ating systems 120, and applications 122 running on top of
operating system 120, may generate log data during opera-
tion. Log data may indicate the state, and state transitions, that
occur during operation, and may record occurrences of fail-
ures, as well as unexpected and undesirable events. In one
embodiment, log data may be unstructured text comprised of
a plurality of log messages, including status updates, error
messages, stack traces, and debugging messages. With thou-
sands to millions of different processes running in a complex
computing environment, an overwhelming large volume of
heterogeneous log data, having varying syntax, structure, and
even language, may be generated. As such, finding log mes-
sages relevant to the context of a particular issue, as well as
proactively identifying emerging issues from log data, can be
challenging.

Accordingly, embodiments of the present disclosure pro-
vide a log analytics module 132 configured to store and ana-
lyze in real-time log data 134 from software and infrastruc-
ture components of computing system 100. Log analytics
module 132 may include a log index 136 configured to cache
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(and later query) results of the analysis of log data. Log
analytics module 132 reduces the volume and level of details
of'the log data to enable a user (e.g., system administrator) to
diagnose and troubleshoot issues within computing system
100.

In one embodiment, log analytics module 132 is configured
to parse a stream of log messages within log data and identify
groups of log messages as logical events, referred to inter-
changeably as “log events” or “events”. To do so, log analyt-
ics module 132 is configured to classify log messages within
a stream of log data as log message types that cluster together
similar log messages. Log analytics module 132 is further
configured to perform event detection on log messages within
log data to group together log messages based on their occur-
rence close in time in a sequence. As described later, in one
embodiment, events may be defined as a collection of log
message types, and an occurrence of an event corresponds to
a group of log messages having the requisite log message
types appearing in log data. Log analytics module 132 may
further identify anomalies within log data based on the mes-
sage-type classifications and detected events, such as event
volume anomalies and event pattern anomalies.

Through analysis techniques described herein, log analyt-
ics module 132 indicates to a user what one event (as reported
by log messages) means in relation to other events in the log
data and highlights events occurring within computing sys-
tem 100 in context. In some embodiments, log analytics mod-
ule 132 may highlight certain events in the context of being
nearby in time to other events, such that if the certain events
usually occur in a sequence, then events occurring out of that
sequence may be notable. In some embodiments, log analyt-
ics module 132 may highlight certain events in the context of
being similar to other events, such that similar events may be
clustered and analyzed together rather than be considered
separately. In some embodiments, log analytics module 132
may highlight certain events in the context of the hierarchical
infrastructure of computing system 100, such as being from
the same thread, process, application, virtual machine, host,
host group, data center, etc. The operations of log analytics
module 132 are illustrated in greater detail in conjunction
with FIG. 2.

While embodiments of the present invention are described
in conjunction with a computing environment having physi-
cal components, it should be recognized that log data 134 may
be generated by components of other alternative computing
architectures, including a virtualized computing system as
shown in FIG. 1B. FIG. 1B is a block diagram that illustrates
a computing system 150 with which one or more embodi-
ments of the present disclosure may be utilized. As illustrated,
computing system 150 includes a host group 124 of host
computers, identified as hosts 108-1, 108-2, 108-3, and 108-
4, and referred to collectively as hosts 108. Each host 108 is
configured to provide a virtualization layer that abstracts
computing resources of a hardware platform 118 into mul-
tiple virtual machines (VMs) 112 that run concurrently on the
same host 108. Hardware platform 118 of each host 108 may
include conventional components of a computing device,
such as amemory, processor, local storage, disk interface, and
network interface. The VMs 112 run on top of a software
interface layer, referred to herein as a hypervisor 116, that
enables sharing of the hardware resources of host 108 by the
virtual machines. One example of hypervisor 116 that may be
used in an embodiment described herein is a VMware ESXi
hypervisor provided as part of the VMware vSphere solution
made commercially available from VMware, Inc. Hypervisor
116 may run on top of the operating system of host 108 or
directly on hardware components of host 108. Each VM 112
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includes a guest operating system (e.g., Microsoft Windows,
Linux) and one or more guest applications and processes
running on top of the guest operating system.

In the embodiment shown in FIG. 1B, computing system
150 includes virtualization management software 130 that
may communicate with the plurality ofhosts 108 via network
140. Virtualization management software 130 is configured
to carry out administrative tasks for the computing system
100, including managing hosts 108, managing VMs running
within each host 108, provisioning VMs, migrating VMs
from one host to another host, and load balancing between
hosts 108 of host group 124. In one embodiment, virtualiza-
tion management software 130 is a computer program that
resides and executes in a central server, which may reside in
computing system 100, or alternatively, running as a VM in
one of hosts 108. One example of a virtualization manage-
ment software is the vCenter® Server product made available
from VMware, Inc. Similar to the software and infrastructure
components of computing system 100, the software and infra-
structure components of computing system 100, including,
host group(s) 124, hosts 108, VMs 112 running on hosts 108,
guest operating systems, applications, and processes running
within VMs, may generate large amount of log data in real-
time during operation.

While log analytics module 132 is depicted in FIG. 1B as a
separate component that resides and executes on a separate
server or virtual machine, it is appreciated that log analytics
module 132 may alternatively reside in any one of the com-
puting devices of the virtualized computing system 150, for
example, such as the same central server where the virtual-
ization management software 130 resides. In one embodi-
ment, log analytics module 132 may be embodied as a plug-in
component configured to extend functionality of virtualiza-
tion management software 130. Access to the log analytics
module 132 can be achieved via a client application (not
shown). For example, each analysis task, such as searching
for log messages, filtering for log messages, analyzing log
messages over a period of time, can be accomplished through
the client application. One embodiment provides a stand-
alone application version of the client application. In another
embodiment, the client application is implemented as a web
browser application that provides management access from
any networked device.

FIG. 2 is a block diagram that illustrates a workflow for
analyzing log data 134 of a computing infrastructure, accord-
ing to one embodiment of the present disclosure. It should be
recognized that, even though the workflow is described in
conjunction with the system of FIG. 1A, any system config-
ured to perform the illustrated technique is within the scope of
embodiments of the disclosure. In the embodiment shown,
log data 134 may include a plurality of individual log mes-
sages 202-1 to 202-5 (collectively referred to as log messages
202) generated over a period of time. In some embodiments,
a log message may include a time stamp (e.g., “Sep 23
13:30”) indicating a date and time corresponding to the cre-
ation of the log message and a text description (e.g., “hostl
sending 5738 files). While each log message 202 is depicted
as a separate line of text for sake of illustration, it should be
recognized that log messages 202 may be arranged in a vari-
ety of formats, including log messages that span several lines.

In one embodiment, log analytics module 132 may classify
each log message 202 as a message type based on content
similarity of the log messages. In some embodiments, the
content similarity is performed on the text description portion
of'the log message 202. In the example shown in FIG. 2, log
analytics module 132 processes log message 202-1 (i.e., “Sep
23 13:30 host1 sending 5738 files™) and assigns log message
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202-1 a first message type 204-1. Log analytics module 132
then processes a second log message 202-2 (i.e., “Sep 23
13:31 host2 received 5700 files”) and determines the contents
of second log message 202-2 are not sufficiently similar to
first log message 202-1 and assigns a different, second mes-
sage type 204-2. Similarly, log analytics module 132 pro-
cesses a third log message 202-3 (i.e., “Sep 23 13:32 hostl
warning: 38 files pending”) and assigns a third message type
204-3 upon determining no content similarity with the other
already processed log messages. For sake of illustration, log
messages having different message types are depicted in FI1G.
2 as shapes having different patterns. In one embodiment, log
analytics module 132 may determine content similarity of log
messages according to a “sketching” algorithm that deter-
mines if log messages contain a number of words in common
in the same relative position. Determination of content simi-
larity and the sketching algorithm are described in greater
detail below.

Continuing the example shown in FIG. 2, log analytics
module 132 processes a fourth log message 202-4 (i.e., “Sep
23 14:00 host4 sending 382 files”) and determines content
similarity with log message 202-1. As such, log analytics
module 132 assigns log message 202-4 the same first message
type 204-1 as log message 202-1, as depicted in FIG. 2 by
identical patterned highlights or colors. Similarly, log analyt-
ics module 132 processes a fifth log message 202-5 (i.e., “Sep
23 14:01 host5 received 382 files”) and assigns the second
message type 204-2 based on a determination of content
similarity with log message 202-2.

In one embodiment, log analytics module 132 is configured
to identify one or more log events 206 based on the timing of
the log messages. In some embodiments, log analytics mod-
ule 132 may group one or more log messages 202 into log
events 206 according to a burst analysis algorithm. For
example, log analytics module 132 identifies a first log event
206-1 that includes log messages 202-1, 202-2, 202-3, which
all occur approximately the same time at September 23, 13:30
and a second log event 206-2 that includes log messages
202-4,202-5 that all occur around September 23 14:00. In one
embodiment, log analytics module 132 is configured to rep-
resent each identified log event 206 as a composition of
message types of log messages. In some embodiments, an
event type for a log event may be defined as a composition of
tuples of message type and frequency. In the example shown
in FIG. 2, a first event 206-1 may be characterized as a
composition of one occurrence of message type 204-1 (e.g.,
“Sending . . . files”), one occurrence of message type 204-2
(e.g., “Received . . . files”), and one occurrence of message
type 204-3 (e.g., “Warning . . . files pending”); and second
event 206-2 may be characterized as a composition of one
occurrence of message type 204-1 (e.g., “Sending . . . files™)
and one occurrence of message type 204-2 (e.g., “Re-
ceived . . . files”).

According to one embodiment, log analytics module 132
may identify anomalous events based on patterns of events
from log data 134, as shown in FIGS. 3A and 3B. FIG. 3A is
achart 300 depicting an example of an event volume anomaly
based on frequency of occurrence of events over time. Log
analytics module 132 may determine the number of events
occurring per hour in a given time period, e.g., from 6:00 PM
t0 9:00 PM. Chart 300 further illustrates a breakdown of event
types for each hour, depicting occurrences of events similar to
log events 206-1 and 206-2. As an example, it may be normal
within the computing system for approximately 20 events per
hour to occur. But, a sudden increase of events to 200 events
per hour (e.g., at 19:00) and then to 500 events per hour (e.g.,
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at 20:00), thereby exceeding some threshold value 302, can
trigger log analytics module 132 to flag this as an anomalous
occurrence of event volume.

FIG. 3B depicts an example of an event pattern anomaly
based on events that are different in message type composi-
tion. As shown, events 304 occurring at a given time are
usually an event type similar to event 206-1 (i.e., events
comprised of “Sending . . . files” log messages and “Re-
ceived . . . files” log messages). However, an unexpected or
atypical event 306 may occur, such as event 306, which is an
event comprised of “Sending . . . files” log messages,
“Received . . . files” log messages, and “Warning . . . files
pending” log messages, which is different from the usual
events. In this case, log analytics 132 may determine an
anomalous occurrence of a log event 306 (i.e., composed of
message types 204-1, 204-2, and 204-3), that is different in
composition from other log events (i.e., composed of mes-
sage types 204-1 and 204-2).

FIG. 4 is a flow diagram that illustrates steps for a method
400 for providing real-time analysis of log messages for a
computer infrastructure, according to an embodiment of the
present disclosure. It should be recognized that, even though
the method 400 is described in conjunction with the system of
FIG. 1, any system configured to perform the method steps is
within the scope of embodiments of the disclosure.

The method 400 begins at step 402, where log analytics
module 132 receives a stream of log data 134 generated by
software and infrastructure components of computing system
100. As described above, log data 134 may include a plurality
of'log messages. In some embodiments, log analytics module
132 may be configured to retrieve log data (e.g., log files)
from software and infrastructure components of computing
system 100, including applications 122, operation systems
120, and in the case of virtualized computing system 150,
components such as hypervisors 116, guest application and
operating systems running within VMs 112. In other embodi-
ments, software and infrastructure components of computing
system 100 may be configured to write log files to a common
destination, such as an external storage, from which log ana-
Iytics module 132 may periodically retrieve log data. In some
embodiments, log data 134 may be transferred over network
140 directly to log analytics module 132.

At step 404, log analytics module 132 generates a compact
integer representation, or “sketch,” of text content for a log
message in the received log data. In one embodiment, a sketch
associated with a log message is generated based on words of
the log message. As mentioned above, two log messages may
be considered similar if the log messages contain a number of
words in common in the same relative positions. As such,
sketches of log messages are computed such that similar log
messages should have identical or substantially similar
sketches. In one embodiment, a sketch of a log message may
be an ordered list, or tuple, of fingerprint values correspond-
ing to a subset of the words of the log message.

In some embodiments, a sketch of a log message is tuple of
fingerprints of “interesting” words of the log message. Each
interesting word of the log message (e.g., “host1”) can be
given a value (e.g., 753) using a fingerprint function, such as
a hash function. For example, a sketch generated for a log
message “host1 sending 5738 files” may be a tuple of finger-
print values (753, 1034, 886) that corresponds to interesting
words (host1, Sending, files). In another example, a sketch for
the log message “host4 Sending 382 files” can be computed as
the tuple (1965, 1034, 886) that corresponds to interesting
features (host4, Sending, files). As such, because the sketches
(753, 1034, 886) and (1965, 1034, 886) have identical values
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“1034” and “886” in same relative positions, the two log
messages may be deemed similar.

In one implementation, sketches of log messages may be
generated according to a sketching algorithm that uses N
independent scoring functions to pick N “interesting” words
of'a log message, where “interesting” is determined accord-
ing to each scoring function. In some embodiments, a scoring
function is a hash function that computes a 32-bit integer
given a word. In such a scheme, a sketch may be composed of
32-bit fingerprints of the most interesting words in a log
message, where “most interesting” is determined by N scor-
ing functions (e.g., N=8):

Score; (Word) = (M = Fingerprini{Word) + Ap)mod2*?

Scorep(Word) = (M, = Fingerprind{Word) + Ap)mod2*?

Scorey(Word) = (My = Fingerprind{Word) + An)mod2’?

The parameters M,,;and A, for each scoring function may be
selected such that the scoring functions are linearly indepen-
dent (i.e., 2,_;"(C,*Score,(word))=0 only if C, are zeros) and
the different scores for a particular word are uncorrelated.
Log analytics module 132, for each scoring function, scores
each word in the log message and selects the word having
with the highest score (i.e., “most interesting”), according to
that scoring function. As each scoring function selects one
word in the log message, N scoring functions results in N
words being selected. The fingerprints of these N words are
then combined to form a sketch of the log message.

For example, the log message “host] sending 7182 files
using SFTP protocol” may scored in the following manner by
N=4 scoring functions, where the most interesting word for
each scoring function is emphasized:

Score;: hostl sending 7182 files using SFTP protocol

Score,: host1 sending 7182 files using SFTP protocol

Score;: host1 sending 7182 files using SFTP protocol

Score,: host1 sending 7182 files using SFTP protocol
In this example, the four scoring functions determined that
the most interesting words were “host1”, “sending,” “files,”
and “sending” (again). The word “host]1” had the highest
score of the 6 words in the log message according to the first
scoring function Score'. The word “sending” had the highest
score of the 6 words according to both the second and fourth
scoring function, and the word “files” was the highest scoring
word of the word in the log message according to the third
scoring function. As such, the resulting sketch would be a
4-tuple of the fingerprints of these words as follows. For
clarity, simple numerical values (e.g., 753) are shown for the
fingerprint values, but it should be recognized that fingerprint
values may be 32-bit values (e.g., 0x459¢8cbb).

Fingerprint(“host1”")=753

Fingerprint(“sending”)=1034

Fingerprint(“files”)=886

Fingerprint(“sending”)=1034

Sketch,=(753, 1034, 886, 1034))

Continuing this example, if a similar but slightly different
log message (i.e., “host4 sending 208 files using SFTP pro-
tocol”) is received and processed, the four scoring functions
may score the slightly different log message similarly:

Score,: host4 sending 208 files using SFTP protocol

Score,: host4 sending 208 files using SFTP protocol

Score,: host4 sending 208 files using SFTP protocol

Score,: host4 sending 208 using SFTP protocol
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As shown, a change in the score of first word “host4” did not
affect the selection of the highest scoring word for three out of
the four scoring functions. It has been determined that if a
majority of N independent scoring functions select the same
words in two different log messages, the log messages are
very likely to be similar overall. For example, in this case, the
resulting sketch would be a 4-tuple of the fingerprints of these
words:

Fingerprint(*“host4”)=1965

Fingerprint(“sending”)=1034

Fingerprint(*“files”)=886

Fingerprint(“sending”)=1034

Sketch,=(1965, 1034, 886, 1034)

Comparing the sketches for the two log messages:

Sketch,~Sketch,

(753, 1034, 886, 1034)~(1965, 1034, 886, 1034)
reveals three out of four fingerprint values in common (i.e.,
“1034”, <886, and “1034”). As such, a majority of the scor-
ing functions have selected the same words “sending”,
“files”, and “sending” in both log messages, and therefore the
two log messages may be deemed similar.

While other approaches for selecting words in a log mes-
sage may be used, such as choosing the first few words ofalog
message or selecting even-numbered words, or other content-
insensitive schemes, the sketching algorithm as described
herein is advantageously more robust to relative insertions or
deletions of text. It has been determined that the insertion or
deletion of an additional word relative to the original text is
unlikely to change all or even a majority of the words selected
by each scoring function. In one embodiment, a linear con-
gruential generator (LCG) may be used as a scoring function,
though it should be recognized that other types of scoring
functions can be used, including functions that are determin-
istic and produce uncorrelated results.

Log analytics module 132 then determines a message type
classification for the log message based on the corresponding
sketch for the log message. Log analytics module 132 classi-
fies log messages having similar sketches to have the same
message type. Such clustering helps reduce the number of log
messages that need to be examiner by grouping the messages
into a few number of message types that can then be high-
lighted. Accordingly, message type classification enable log
analytics module to cluster together similar log messages to
more effectively process and analyze a large volume of log
data.

At step 406, log analytics module 132 queries log index
136 to determine whether the log message is similar to a
previously processed log message based on the correspond-
ing sketches, and if so, assigns the log message a same mes-
sage type as the previously processed log message, at step
408. For example, log analytics module 132 queries log index
136 using the sketch (1965, 1034, 886, 1034) corresponding
to the log message “host4 sending 208 files using SFTP
protocol” and determines the log messages is similar to the
previously processed log message “hostl sending 7182 files
using SFTP protocol” based on the similarity with its corre-
sponding sketch (753, 1034, 886, 1034). As discussed earlier,
in some embodiments, two log messages may be deemed
similar and assigned a same message type if a majority of the
scoring functions have selected the same words in both log
messages. Otherwise, at step 410, log analytics module 132
assigns a new message type to the log message and inserts the
log message into log index 136.

Inone embodiment, each message type may be represented
by a message type identifier, or “cluster ID.” For example, the
log messages depicted in FIG. 2 may have the following
sketches and corresponding cluster IDs (the sketches are



US 9,244,755 B2

9

shown as tuples of the most interesting words rather than the
fingerprint values for clarity of illustration):

(hostl, sending, files, sending) = 22280
(host2, received, files, files) = 22281

(hostl, warning, files, pending) = 22282

(host4, sending, files, sending) = 22280

In this example, the sketch (hostl, sending, files, sending) is
given the same cluster ID 22280 as the sketch (host4, sending,
files, sending), because of matching 3 out of 4 fingerprint
values. In some embodiments, log analytics module 132 may
provide the ability to search the received log messages based
on a given cluster ID. In some embodiments, log analytics
module 132 may use cluster ID as a search criteria for log
messages that are similar to a particular log message (i.e.,
“find log messages “like this”) by querying for log messages
having a particular cluster ID. In some embodiments, log
analytics module 132 may use the cluster ID as a criteria for
aggregation to generate statistics, such as the Top-5 message
types per hour. In some embodiments, cluster ID may be
content-based and enable calculation of message type classi-
fications to be distributed.

According to one implementation, log index 136 may
include one or more hash tables that map fingerprint values to
sketches for a given log message. In some embodiments, log
index 136 may include N hash tables for mapping fingerprint
values to sketches that contain N fingerprint values. To deter-
mine whether a log message is similar to other log messages,
each fingerprint value in the sketch (i.e., each column in the
tuple <1965, 1034, 886, 1034>) may be used to search for
candidate sketches. In one particular embodiment, a candi-
date sketch must match in M different columns to be consid-
ered a match, where M is less than N. As an example, where
N=8, each of the 8 fingerprints in a sketch is looked up in its
corresponding hash table to find candidate sketches with at
least 6 matching fingerprints (M=60). If at least one candidate
is found, the incoming log message belongs to that cluster and
is assigned a same message type, and the sketch is not inserted
into the log index. If no candidate are found, a new cluster is
generated having a new message type, and the sketch is
inserted into log index 136.

In some embodiments, log analytics module 132 may store
arepresentation of each message type within logindex 136 by
storing a copy of a full log message. Log analytics module
132 may use a textual differential algorithm (e.g., longest
substring match) or other additional textual analysis to verify
similarity of the incoming log message to a representative of
the message type and override message type classification
based on poor sketches. In some embodiments, the stored
representation of each message type may be used to provide
an example log message that is displayed to a user (e.g.,
system administrator) when presenting the statistics or
graphical charts for the message type.

At step 412, log analytics module 132 divides one or more
log messages into log events based on burst analysis. It has
been determined that log messages corresponding to events
within computer system 100 may be created in bursts and
close-in-time. For example, a burst of log messages may be
recorded by applications and guest operating system when-
ever a virtual machine shuts down or restarts. In one embodi-
ment, log analytics module 132 processes time stamps of log
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messages 202 and tracks time between log messages. In some
embodiments, log analytics module 132 may determine and
maintain an average time interval associated with an event
duration. For example, log messages occurring within a
10-second duration may be candidates for being grouped
together as a single log event. [Log analytics module 132 may
associate one or more log messages occurring within the
event duration to a log event 206. Log analytics module 132
may represent each log event as a composition of different
message types, such as a list of tuples of a message type and
corresponding frequency of occurrence. For example, one log
event may be comprised of log messages having an occur-
rence of a “sending files” message type, two occurrences of a
“received files” message type, and one occurrence of'a “warn-
ing files pending” message type, and may be represented by a
list of pairs having cluster ID and frequency: (22280, 1),
(22281, 2), (22282, 1).

Log analytics module 132 may then cluster together simi-
lar log events, applying a technique similar to the technique
applied above for clustering similar log messages. At step
414, log analytics module 132 queries log index 136 to deter-
mine whether a log event is similar to other log events based
on the composition of message types that comprise the log
event, and if so, assigns a same event type as the previously
determined log events, at step 418. Otherwise, at step 416, log
analytics module 132 assigns a new event type to the log
event, and may insert the composition of the new event type
into log index 136.

In one implementation, log index 136 may further include
additional hash tables that map cluster IDs to compositions of
event types for a given log event. As such, to determine
whether a log event is similar to other log events, each cluster
ID may be used as a hash table lookup for candidate compo-
sitions that have some or all matching cluster IDs. In some
embodiments, the event type of a log event is determined by
performing lookups in the hash tables according to each pair
of message type identifier and a corresponding frequency of
occurrence. If at least one candidate event type is found, the
detected log event may be determined similar to the corre-
sponding log event and may be assigned the same event type.
If no candidate is found, a new event cluster is generated
having a new event type, and the representative composition
of' message types is inserted into log index 136.

At step 420, log analytics module 132 analyzes event clus-
ters and detects an anomaly within event clusters based on the
classification of log events. In some embodiments, log ana-
Iytics module 132 may determine an occurrence of an
“incomplete” event or a gross deviation from an expected
event. For example, where an expected log event may be a
composition of message types (22280, 2), (22281, 2), (22282,
3), (22283, 1), (22284, 1), an incomplete log event may be
detected upon determining an occurrence of a log event only
having (22280, 2), (22281, 2), (22282, 3), (22283, 1) In
another example, a deviation from a known log event may be
detected upon determining an occurrence of a log event hav-
ing (22280, 2), (22281, 2), (22282, 3), (22283, 1), (22284, 1),
(34921, 292), (34927, 395).

In some embodiments, log analytics module 132 may
determine an anomaly in event volume based on one or more
threshold values. As described earlier in conjunction with
FIG. 3A, log analytics module 132 may detect when a number
of events occurring per unit of time exceeds or falls below a
threshold value. For example, log analytics module 132 may
determine an occurrence of an anomaly in event volume when
the number of events occurring per hour exceeds 500 events
per hour (suggesting over-activity), or falls below 5 events per
hour (suggesting inactivity). In some embodiments, a thresh-
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old value may be associated with a particular event type, such
that occurrences of that particular event type that exceeds the
threshold value may be flagged as an anomaly. The threshold
values may be pre-determined, as well as configurable by a
user. In some embodiments, the threshold values may be
dynamically determined based on the performance history of
the computing system, for example, using a weighted moving
average, or other suitable heuristics. The threshold values
may be specified in a variety of manners, including absolute
numerical values (e.g., 500 events/hr), and relative values,
such as percentages (e.g., 200% change). In some embodi-
ments, log analytics module 132 may present the detected
anomaly, as well as the classified message types and event
types, to a user via a graphical user interface. For example, the
graphical user interface may provide charts, graphics, and
statistical displays to illustrate a most frequent event over a
past week, or an anomalous event occurring in a last 1-hour
period. In one embodiment, log analytics module 132 may
use frequency of log events and anomaly detection to gener-
ate an alert for an operator (e.g., system administrator) that
the frequency of a particular log message type has increased
or decreased in an anomalous way.

Accordingly, embodiments of the present disclosure pro-
vide atechnique for processing log data that enables real-time
analysis that is scalable for the multitude of log data generated
by many software and infrastructure components of a com-
puter system 100. In contrast to conventional approaches,
embodiments described herein advantageously reduces the
need for multiple passes over the same dataset or the need for
active intervention in the form of feedback and training to
properly analyze data. Embodiments ofthe present disclosure
provide a system for unsupervised, approximate clustering of
log data that provides volume- and pattern-based anomaly
detection.

Although one or more embodiments of the present disclo-
sure have been described in some detail for clarity of under-
standing, it will be apparent that certain changes and modifi-
cations may be made within the scope of the claims.
Accordingly, the described embodiments are to be considered
as illustrative and not restrictive, and the scope of the claims
is not to be limited to details given herein, but may be modi-
fied within the scope and equivalents of the claims. In the
claims, elements and/or steps do not imply any particular
order of operation, unless explicitly stated in the claims.

The various embodiments described herein may employ
various computer-implemented operations involving data
stored in computer systems. For example, these operations
may require physical manipulation of physical quantities
which usually, though not necessarily, take the form of elec-
trical or magnetic signals where they, or representations of
them, are capable of being stored, transferred, combined,
compared, or otherwise manipulated. Further, such manipu-
lations are often referred to in terms, such as producing,
identifying, determining, or comparing. Any operations
described herein that form part of one or more embodiments
of the disclosure may be useful machine operations. In addi-
tion, one or more embodiments of the disclosure also relate to
a device or an apparatus for performing these operations. The
apparatus may be specially constructed for specific required
purposes, or it may be a general purpose computer selectively
activated or configured by a computer program stored in the
computer. In particular, various general purpose machines
may be used with computer programs written in accordance
with the description provided herein, or it may be more con-
venient to construct a more specialized apparatus to perform
the required operations.
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The various embodiments described herein may be prac-
ticed with other computer system configurations including
hand-held devices, microprocessor systems, microprocessor-
based or programmable consumer electronics, minicomput-
ers, mainframe computers, and the like. One or more embodi-
ments of the present disclosure may be implemented as one or
more computer programs or as one or more computer pro-
gram modules embodied in one or more computer readable
media. The term computer readable medium refers to any data
storage device that can store data which can thereafter be
input to a computer system; computer readable media may be
based on any existing or subsequently developed technology
for embodying computer programs in a manner that enables
them to be read by a computer. Examples of a computer
readable medium include a hard drive, network attached stor-
age (NAS), read-only memory, random-access memory (e.g.,
aflash memory device), a CD-ROM (Compact Disc-ROM), a
CD-R, or a CD-RW, a DVD (Digital Versatile Disc), a mag-
netic tape, and other optical and non-optical data storage
devices. The computer readable medium can also be distrib-
uted over a network coupled computer system so that the
computer readable code is stored and executed in a distributed
fashion.

Plural instances may be provided for components, opera-
tions or structures described herein as a single instance.
Finally, boundaries between various components, operations
and data stores are somewhat arbitrary, and particular opera-
tions are illustrated in the context of specific illustrative con-
figurations. Other allocations of functionality are envisioned
and may fall within the scope of the disclosure(s). In general,
structures and functionality presented as separate compo-
nents in exemplary configurations may be implemented as a
combined structure or component. Similarly, structures and
functionality presented as a single component may be imple-
mented as separate components. These and other variations,
modifications, additions, and improvements may fall within
the scope of the appended claims(s).

What is claimed is:
1. A method for providing real-time analysis of log mes-
sages for a computer infrastructure, the method comprising:
receiving a plurality of log messages including a first log
message;
generating a sketch associated with the first log message,
wherein the the sketch includes a tuple of fingerprint
values generated by processing a subset of words of the
first log message through a fingerprint function;
determining a message type for the first log message based
on a comparison of the generated sketch to a plurality of
sketches stored in an index, wherein log messages of a
same message type have similar sketches;
determining a first log event associated with one or more of
the plurality of log messages occurring with a time inter-
val, wherein the first log event comprises a first compo-
sition of message types corresponding to the one or more
of the plurality of log messages associated with the first
log event;
determining an event type for the first log event based on a
comparison of the first composition of message types to
a plurality of compositions of message types stored in
the index; and
determining an anomalous log event within the plurality of
log messages based on the event type for the first log
event.
2. The method of claim 1, wherein the fingerprint function
comprises a hash function and the fingerprint values comprise
integers generated by the hash function.
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3. The method of claim 1, wherein log events of a same
event type have similar compositions of message types.

4. The method of claim 1, wherein the determining the
event type for the first log event comprises:

upon determining the first composition of message types is

similar to at least one of the plurality of compositions of
message types, assigning the event type to be a same
event type corresponding to the similar composition of
message types.

5. The method of claim 1, wherein the determining the
event type of the first log event comprises:

upon determining the first composition of message types is

not similar to any of the plurality of compositions of
message types, assigning a new event type for the first
log event and inserting the first composition of message
types into the index.

6. The method of claim 1, wherein the first composition of
message types for the first log event comprises a list of pairs
of'a message type identifier and corresponding frequency of
occurrence.

7. The method of claim 6,

wherein the index comprises a plurality of hash tables

configured to map compositions of message types to
event types; and

wherein the determining the event type of the first log event

comprises performing lookups in the plurality of hash
tables according to each pair of message type identifier
and corresponding frequency of occurrence.

8. The method of claim 1, wherein the determining the
anomalous log event within the plurality of log messages
further comprises:

determining the anomalous log event that differs in com-

position of message types based on the event type for the
first log event.

9. The method of claim 1, wherein the determining the
anomalous log event within the plurality of log messages
further comprises:

determining the anomalous log event based on the event

type for the first log event and further based on frequency
of occurrence over time.

10. A non-transitory computer-readable storage medium
comprising instructions that, when executed in a computing
device, provide real-time analysis of log messages for a com-
puter infrastructure, by performing the steps of:

receiving a plurality of log messages including a first log

message;

generating a sketch associated with the first log message,

wherein the sketch includes a tuple of fingerprint values
generated by processing a subset of words of the firstlog
message through a fingerprint function;

determining a message type for the first log message based

on a comparison of the generated sketch to a plurality of
sketches stored in an index, wherein log messages of a
same message type have similar sketches;

determining a first log event associated with one or more of

the plurality of log messages occurring with a first time
interval, wherein the first log event comprises a first
composition of message types corresponding to the one
or more of the plurality of log messages associated with
the first log event;

determining an event type for the first log event based on a

comparison of the first composition of message types to
a plurality of compositions of message types stored in
the index; and

determining an anomalous log event within the plurality of

log messages based on the event type for the first log
event.
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11. The non-transitory computer-readable storage medium
of'claim 10, wherein the fingerprint function comprises a hash
function and the fingerprint values comprise integers gener-
ated by the hash function.

12. The non-transitory computer-readable storage medium
of claim 10, wherein log events of a same event type have
similar compositions of message types.

13. The non-transitory computer-readable storage medium
of claim 10, wherein the determining the event type for the
first log event comprises:

upon determining the first composition of message types is

similar to at least one of the plurality of compositions of
message types, assigning the event type to be a same
event type corresponding to the similar composition of
message types.

14. The non-transitory computer-readable storage medium
of'claim 10, wherein the determining the event type of the first
log event comprises:

upon determining the first composition of message types is

not similar to any of the plurality of compositions of
message types, assigning a new event type for the first
log event and inserting the first composition of message
types into the index.

15. The non-transitory computer-readable storage medium
of claim 10, wherein the first composition of message types
for the first log event comprises a list of pairs of a message
type identifier and corresponding frequency of occurrence.

16. The non-transitory computer-readable storage medium
of claim 15,

wherein the index comprises a plurality of hash tables

configured to map compositions of message types to
event types; and

wherein the determining the event type of the first log event

comprises performing lookups in the plurality of hash
tables according to each pair of message type identifier
and corresponding frequency of occurrence.

17. The non-transitory computer-readable storage medium
of'claim 10, wherein the determining the anomalous log event
within the plurality of log messages further comprises:

determining the anomalous log event that differs in com-

position of message types based on the event type for the
first log event.

18. The non-transitory computer-readable storage medium
of'claim 10, wherein the determining the anomalous log event
within the plurality of log messages further comprises:

determining the anomalous log event based on the event

type for the first log event and further based on frequency
of occurrence over time.

19. A computer system for providing real-time analysis of
log messages for a computer infrastructure, the computer
system comprising: a system memory; a storage device hav-
ing (i) a plurality of log messages including a first log mes-
sage and (ii) an index having a plurality of sketches and
compositions of message types; and a processor programmed
to carry out the steps of:

generating a sketch associated with the first log message,

wherein the sketch includes a tuple of fingerprint values
generated by processing a subset of words of the first log
message through a fingerprint function;

determining a message type for the first log message based

on a comparison of the generated sketch to a plurality of
sketches stored in the index, wherein log messages of a
same message type have similar sketches;

determining a first log event associated with one or more of

the plurality of log messages occurring with a first time
interval, wherein the first log event comprises a first
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composition of message types corresponding to the one
or more of the plurality of log messages associated with
the first log event;

determining an event type for the first log event based on a

comparison of the first composition of message types to
a plurality of compositions of message types stored in
the index; and

determining an anomalous log event within the plurality of

log messages based on the event type for the first log
event.

20. The computer system of claim 19, wherein the proces-
sor programmed to carry out the step of determining the event
type for the first log event is further programmed to carry out
the steps of:

upon determining the first composition of message types is

similar to at least one of the plurality of compositions of
message types, assigning the event type to be a same
event type corresponding to the similar composition of
message types.
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